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Abstract: Much remains unknown about the relationships between microbial 
community structure and anaerobic digester function. However, knowledge of 
links between community structure and function, such as specific 
methanogenic activity (SMA) and COD removal rate, are valuable to improve 
anaerobic bioprocesses. In this work, quantitative structure–activity 
relationships (QSARs) were developed using multiple linear regression (MLR) 
to predict SMA using methanogen community structure descriptors for 49 
cultures. Community descriptors were DGGE demeaned standardized band 
intensities for amplicons of a methanogen functional gene (mcrA). First, 
predictive accuracy of MLR QSARs was assessed using cross validation with 
training (n = 30) and test sets (n = 19) for glucose and propionate SMA data. 
MLR equations correlating band intensities and SMA demonstrated good 
predictability for glucose (q2 = 0.54) and propionate (q2 = 0.53). 
Subsequently, data from all 49 cultures were used to develop QSARs to 
predict SMA values. Higher intensities of two bands were correlated with 
higher SMA values; high abundance of methanogens associated with these 
two bands should be encouraged to attain high SMA values. QSARs are 
helpful tools to identify key microorganisms or to study and improve many 
bioprocesses. Development of new, more robust QSARs is encouraged for 
anaerobic digestion or other bioprocesses, including nitrification, nitritation, 
denitrification, anaerobic ammonium oxidation, and enhanced biological 
phosphorus removal. 
Graphical abstract 
 
Keywords: Anaerobic digestion, Anaerobic digestion modeling, mcrA gene, 
Microbial community structure, Quantitative structure activity relationship 
(QSAR), Specific methanogenic activity 
1. Introduction 
New sustainable waste management approaches including 
energy and resource recovery are now favored over energy-intensive 
treatment methods of the past (Angenent et al., 2004 and Lettinga, 
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2010). Within more sustainable approaches, anaerobic biotechnology 
plays a central role for low-energy oxygen demand removal, lower 
biosolids production than aerobic systems, and renewable energy 
production from biomethane (Speece, 2008, Holm-Nielsen et al., 
2009 and Novotny et al., 2010). This, combined with recent advances 
that include the ability of anaerobic membrane bioreactors treating 
dilute, municipal wastewater to achieve effluent five-day biochemical 
oxygen demand (BOD5) concentrations of <10 mg/L at approximately 
10 °C, is making anaerobic biotechnology increasingly attractive (Shin 
et al., 2014), thereby encouraging the development of more robust 
anaerobic systems. 
One challenge to anaerobic bioprocess improvement is that 
much remains unknown about the relationships between microbial 
community structure and digester function, such as biogas production 
and chemical oxygen demand (COD) removal rates. Although it is 
known that complex, interacting microbial populations accomplish the 
overall anaerobic degradation process, the microbial community is 
almost always unaccounted for in standardized testing, operation and 
design (Batstone et al., 2002 and Curtis et al., 2003). 
1.1. Influence of environmental parameters on digester 
microbial community 
Numerous reports describe the influence of environmental 
parameters on methanogenic microbial community structure, but 
reverse approaches describing the influence of microbial community 
structure on digester functional stability or methanogenic activity are 
less numerous. Influences of various environmental parameters on 
community structure include the following: (1) higher influent SO4−2 
concentration leads to higher sulfate-reducing bacteria levels (Raskin 
et al., 1996 and Pender et al., 2004), (2) higher digester acetate 
concentration leads to higher Methanosarcina and lower Methanosaeta 
abundance ( Griffin et al., 1997 and McMahon et al., 2001), (3) NH3–N 
concentrations greater than approximately 3 g/L leads to lower 
Methanosarcina levels, higher Methanomicrobiales levels ( Angenent 
et al., 2002) and a shift from acetoclastic methanogenesis to 
syntrophic acetate oxidation with hydrogenotrophic methanogenesis 
(Fotidis et al., 2013), (4) lower temperature leads to higher diversity 
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at 37 °C versus 55 °C (Karakashev et al., 2005) and sometimes leads 
to a shift from acetoclastic methanogenesis to hydrogenotrophic 
methanogenesis at psychrophilic temperatures ( Enright et al., 
2009 and Zhang et al., 2012), (5) different substrates lead to different 
community structures, including manure versus wastewater sludge 
(Karakashev et al., 2005) and glucose versus whey permeate and 
sewage sludge (Lee et al., 2009), and (6) trace nutrient deprivation 
causes a shift in community structure, with low cobalt or nickel 
concentrations causing decreased Methanosarcina abundance and 
decreased COD removal rate in methanol-fed bioreactors ( Fermoso 
et al., 2008a and Fermoso et al., 2008b). 
1.2. Influence of community structure on digester 
functional stability 
Approaches describing the influence of microbial community 
structure on anaerobic functional stability during and after 
perturbation have been reviewed (Briones and Raskin, 
2003 and Allison and Martiny, 2008). These approaches include the 
work of Hashshan et al. (2000) who concluded that anaerobic digester 
communities with multiple microorganisms within the same trophic 
group (i.e., more parallel processing) exhibited greater functional 
stability after organic overload. The functional stability ostensibly 
resulted because one or more microorganisms were present and able 
to function in each critical group during and after upset. In addition, 
less stable community structure (i.e., greater community flexibility) 
may increase functional stability upon perturbation since less stable 
communities are more able to adapt to stress (Fernandez et al., 
2000). Communities with higher evenness have been found to be more 
functionally resistant to selective stress than uneven communities. In 
this regard, Wittebolle et al. (2009) reported that denitrifying 
communities with higher evenness exhibited higher denitrification 
rates when exposed to salt toxicity compared to communities with low 
evenness. Although methanogenic systems were not their focus, the 
results may be applicable to anaerobic digesters; the theory being that 
in highly even communities there is a higher probability that one or 
more organisms resistant to the stress is present in significant enough 
numbers to proliferate and maintain functionality. 
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1.3. Community structure, methanogenic activity and 
linear relationships 
The influence of microbial community structure on 
methanogenic activity during non-perturbed operation has been 
investigated. In a multi-year survey of nine full-scale digesters treating 
brewery wastewater, communities with greater evenness and 
redundancy exhibited higher specific methanogenic activity (SMA) 
values and higher COD removal (Werner et al., 2011). In addition, 
higher Bacteroidetes and Archaea abundances have been shown to 
correlate to higher hydrolytic and methanogenic specific activities, 
respectively ( Regueiro et al., 2012). 
In our laboratory, Tale et al. (2011) measured SMA against 
propionate for 14 different biomass samples from full-scale anaerobic 
digesters and the microbial communities were also compared. Principal 
components analysis (PCA) depicted a linear relationship between SMA 
with propionate and microbial community structure defined by 
denaturing gradient gel electrophoresis (DGGE) banding pattern of 
methyl coenzyme M reductase (mcrA), a gene ubiquitous in 
methanogens. Biomass with high SMA values clustered together on a 
PCA plot developed using only DGGE banding patterns, whereas 
biomass with low SMA values clustered in a different location. In 
addition, the presence of hydrogenotrophic methanogens closely 
related to Methanospirillum hungatei and Methanobacterium 
beijingense was associated with high propionate SMA values. Building 
on this work and the work of Freitag and Prosser, 2009 and Morris 
et al., 2014 found that mcrA gene copy numbers in a group of four 
different enrichment cultures were linearly correlated to SMA with 
H2/CO2 (r2 = 0.98). 
Multiple linear regression (MLR) has been used to develop 
quantitative structure activity relationships (QSARs) between chemical 
structure descriptors and biological or physiochemical activities, such 
as toxicity or Henry's Constant values (Nirmalakhandan and Speece, 
1988). When Tale (2010) applied MLR to activity data, SMA values 
were linearly related to community structure as defined by 
standardized, demeaned DGGE band intensities of mcrA amplicons. 
However, the resulting MLR equation was overfitted and not predictive 
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because too many independent variables (i.e., 10 bands) were used to 
predict the SMA values of too few samples (i.e., 14 biomass samples). 
Therefore, an insufficient number of different biomass samples was 
employed, preventing development of a predictive relationship ( Tale, 
2010). However, the reports described above encouraged research 
using MLR and a larger group of anaerobic microbial communities to 
develop QSARs. 
In this study, a large set of 49 different methanogenic microbial 
communities was employed to develop predictive QSARs between 
microbial community structure descriptors and methanogenic activity 
with glucose and propionate. The objectives were to provide a tool for 
future research regarding community structure–activity relationships 
and advance development of models relating microbial community 
structure and anaerobic digester design and operation. 
2. Materials and methods 
Initially, an investigation was performed to determine if the 
activity of a blend of biomass from two different laboratory anaerobic 
digesters could be predicted from activity of each biomass alone, and if 
a linear correlation was appropriate. Subsequently, 49 microbial 
communities were assayed to establish QSARs. 
2.1. Blends of two different laboratory biomass samples 
For initial investigation of blended biomass, SMA tests were 
performed using mixtures of biomass from two different mesophilic, 
continuously mixed digesters as well as each biomass alone. Biomass 
1 was from a laboratory anaerobic digester previously operated for 
over five years and fed non-fat dry milk, 5 g/L NaHCO3 and basal 
nutrient medium. The Biomass 1 digester was operated at a solids 
retention time (SRT) of 15 days and organic loading rate (OLR) of 
approximately 2 g COD/L-day. Biomass 2 was from a laboratory 
anaerobic co-digester (SRT = 14 days, OLR = 3 g COD/L-day) 
previously operated for over two months and fed a synthetic primary 
sludge (Natural Choice Dog Food, NutroProducts, Inc., Industry, CA, 
USA) and five industrial co-digestates, including soft drink, corn 
ethanol and cheese production wastes as described by Navaneethan 
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et al. (2011). Daily, both digesters received 5 g/L NaHCO3 and the 
basal nutrient medium. Blends of these two digesters were composed 
of different Biomass 1: Biomass 2 volatile solids (VS) ratios ranging 
from 0:1 to 1:0 (Navaneethan et al., 2011). 
2.1.1. Specific methanogenic activity (SMA) for blended biomass 
samples 
Concentrations of Biomass 1 and 2 ranged from 3.6 to 10.1 g 
VS/L. Mixtures were prepared in 15 mL of basal nutrient medium, 
which was placed in a 160 mL serum bottle, sparged with O2-free gas 
(7:3 v/v N2:CO2), and sealed with solid Balch-type butyl rubber 
stoppers (Geo-Microbial Technologies, Inc., Ochelata, OK) and 
aluminum-crimped seals. Biomass was allowed to produce biogas 
endogenously for three days. Endogenous biogas was then removed 
on day three to depressurize the headspace and 12 g/L calcium 
acetate was added. 
Produced biogas volume was measured at ambient pressure and 
35 °C for 20 days using a glass syringe with a wetted glass barrel. 
Syringe content was re-injected into the serum bottle after volume 
measurement. Headspace methane content was measured after 20 
days. Cumulative methane volume produced versus time was plotted 
and MPR (mL CH4/h) was calculated using linear regression on the 
portion of the curve within the first 60 h of biogas production. SMA 
(mL CH4/g VS-h) was calculated by dividing MPR by VS mass. 
2.2. Microbial communities to establish quantitative 
structure–activity relationships 
Microbial communities used to establish QSARs included 
anaerobic biomass from nine full-scale digesters, four laboratory 
propionate enrichment cultures and 36 different mixtures of the 
digester biomasses with the propionate enrichment cultures. 
2.2.1. Biomass from full-scale digesters 
Digester biomass samples were obtained from full-scale, 
mesophilic anaerobic digesters with different configurations, including 
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complete mix stirred tank reactors, plug flow digesters, and upflow 
anaerobic sludge blanket reactors, treating diverse substrates from 
brewing, cheese processing, food flavorings production, milk 
production and soft drink bottling industries as well as municipal 
wastewater sludge. Biomass samples were also geographically diverse, 
coming from locations in the U.S., including California, Colorado, Iowa, 
New Mexico, Pennsylvania and Wisconsin (see Supplementary Data, 
Table S-1). A variety of configurations, substrates and locations was 
employed in an effort to obtain a range of microbial community 
structures. 
2.2.2. Propionate enrichment cultures 
Propionate enrichment cultures were maintained at 35 ± 1 °C in 
2 L polyethylene terephthalate (PETE) vessels containing 1 L of culture 
on a shaker table in an incubator (Model 4350, Thermo Scientific, 
Marietta, OH). All enrichment cultures were initially seeded with a mix 
of eight biomass samples from operating mesophilic anaerobic 
bioreactors treating agricultural, brewery, beverage industry, food 
industry, municipal wastewater sludge, and nonfat dry milk wastes. 
Culture effluent (100 mL) was removed once per day to maintain a 
SRT and hydraulic residence time (HRT) of ten days. Effluent was 
replaced with 100 mL of substrate containing calcium propionate 
(0.77 ± 0.03 g COD/L-day), 5 g/L NaHCO3 and basal nutrient medium. 
The theoretical maximum Ca+2 and Na+ concentrations were 1.5 and 
1.4 g/L, respectively, which were well below typical inhibitory 
concentrations (Speece, 2008). Biogas volume was measured at 
ambient pressure using a wet test gas meter (Precision Scientific 
Petroleum Instruments, San Antonio, TX). Four enrichment conditions 
that differed based upon oxygen (O2) addition rate were employed in 
triplicate in an effort to obtain different microbial communities. The 
four O2 addition rates were equivalent to 0, 1.3, 6.7, and 12.5% of the 
COD loading rate. Oxygen was added by injecting O2 (aviator 
breathing grade; 99.9% purity; approximately 1 atm and 22 °C) once 
a day into the enrichment vessel headspace with a wetted-barrel, 
glass syringe immediately after substrate was added. Propionate 
enrichment cultures receiving low doses of O2 were anticipated to 
produce significant amounts of methane under steady-state conditions, 
as described elsewhere (Zitomer and Shrout, 1998). 
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2.2.3. Mixtures of digester and propionate enrichment culture 
In an effort to generate a larger number of microbial 
communities for statistical analyses, digester biomass and propionate 
enrichment cultures were mixed to produce synthetic communities. 
This technique was inspired by the work of Wittebolle et al. (2009) 
who mixed 18 pure cultures of denitrifying species in different 
combinations to generate a large number of synthetic communities to 
relate community evenness to denitrification activity after a 
perturbation (Wittebolle et al., 2009). The 36 mixtures employed 
herein consisted of 4:1 intracellular adenosine-5′-triphosphate (iATP) 
mass ratio mixtures of each digester biomass with each propionate 
enrichment culture, respectively. Before mixing, granular biomass 
samples from upflow anaerobic sludge blanket (UASB) reactors 
denoted in Supplementary Data Table S-1 were disrupted to make 
them flocculant. 
2.3. Methane production rate (MPR) and specific 
methanogenic activity (SMA) assays 
Methane production rate (MPR) and SMA were determined in 
triplicate at 35 ± 1 °C and 150 rpm using a gyratory shaker-incubator 
(model C25KC, New Brunswick Scientific, Edison, NJ) to quantify 
activity against glucose and propionate (Angelidaki et al., 2007). 
Biomass was thickened at 6000 rpm (g = 7000) for five minutes in a 
centrifuge (Clinical 200, VWR International, Radnor, Pennsylvania 
Germany). Granular samples were disrupted to make flocculant 
biomass before centrifuging. 
VS concentration was used to estimate active biomass fraction 
in initial studies involving blends of two laboratory biomass samples. 
However, VS values are inaccurate quantifiers of active biomass (Roe 
and Bhagat, 1982, Cairns et al., 2005 and Whalen et al., 2006) 
because the inactive and soluble portions of VS do not metabolize 
substrate or intermediates, but are included in the VS measurement 
(Perle et al., 1995). Biomasses fed biologically inert VS, having longer 
sludge age, or recently subjected to stress may have a significant 
portion of inactive VS (Quirk and Eckenfelder, 1986). Therefore, 
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intracellular adenosine triphosphate (iATP) was used to estimate active 
biomass for microbial communities used to establish QSARs. 
For QSAR activity testing an active biomass concentration of 
0.74 mg iATP/L was prepared by re-suspending thickened biomass in 
basal nutrient medium. The suspension (25 mL) was placed in a 
160 mL serum bottle, sparged with O2-free gas (7:3 v/v N2:CO2) and 
sealed with solid Balch-type butyl rubber stoppers (Geo-Microbial 
Technologies, Inc., Ochelata, OK) and aluminum-crimped seals. 
Biomass was allowed to produce biogas endogenously for three days. 
Endogenous biogas was then removed to depressurize the headspace 
and either glucose (5.6 g COD/L) or calcium propionate (4.6 g COD/L) 
was added. Triplicate bottles that contained no exogenous substrate 
were prepared similarly and used as blanks to account for endogenous 
methane production. Blanks without additional substrate provided 
endogenous decay MPR and SMA values, which were subtracted from 
gross MPR and SMA value, respectively, to calculate net SMA values 
that were employed to establish QSARs. 
Produced biogas volume was measured at ambient pressure and 
35 °C for 20 days using a glass syringe with a wetted glass barrel. 
Syringe content was re-injected into the serum bottle after volume 
measurement. Headspace methane content was measured after 20 
days. Cumulative methane volume produced versus time was plotted 
and MPR (mL CH4/h) was calculated using linear regression on the 
portion of the curve within the first 60 h of biogas production when the 
biogas production rate reached a constant value. SMA (mL CH4/mg 
iATP-h) was calculated by dividing MPR by active biomass. 
Propionate was chosen as a substrate to quantify activity 
because its degradation, due partially to the subsequent H2 transfer, is 
often the rate-limiting step in the overall anaerobic degradation 
process; thus, the rate of methane production from numerous 
substrates, including those that are more complex, may be related to 
the SMA values with propionate (McCarty and Smith, 1986 and Ito 
et al., 2012). Glucose was selected to utilize a substrate that involved 
an additional microbial guild of fermentative organisms. Furthermore, 
degradation of glucose has previously been employed to investigate 
methanogenic activity and stability (e.g., Hashsham et al., 2000, 
Fernandez et al., 2000 and Dearman et al., 2006). 
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2.4. Microbial community analysis 
Biomass (50 mL) was centrifuged for 10 min at 2500× g 
(AccuSpin Micro 17, Thermo Fischer Scientific, Waltham, MA), and 
DNA was extracted from 0.75 mL of thickened biomass using a kit 
(DNA Powersoil™ Total DNA Isolation Kit, MoBio Laboratories, 
Carlsbad, CA) according to the manufacturer's instructions. The 
presence of extracted DNA was confirmed using gel electrophoresis 
(1% agarose in 1× TrisAcetate–EDTA, TAE) with ethidium bromide 
(0.8 μL/mL) stain (Sambrook and Russell, 2001). DNA samples were 
stored at −80 °C until further analysis. 
DNA was amplified using PCR, a thermocycler (PTC-200 DNA 
Engine Cycler, Bio-Rad, Foster City, CA) and EconoTaq® PLUS 2X 
Master Mix, which included the Taq polymerase (Lucigen Corporation, 
Middleton, WI). Forward and reverse primers were added to the PCR 
tube with nuclease-free H2O to make a 100 μL reaction including 
approximately 100 ng of template. Nested PCR was performed on the 
extracted DNA according to the program outlined by Tale et al. (2011). 
PCR was performed using primers for the mcrA gene of methanogenic 
Archaea designed by Luton et al. (2002). These primers are: mcrA1f: 
5′ – GGTGGTGTMGGATTCACACARTAYGCWACAGC – 3′, (mcrF); 
GCmcrA1f: 5′ – *GC-clamp-
GGTGGTGTMGGATTCACACARTAYGCWACAGC – 3′, (GCmcrA1f), where 
GC-clamp = 5′– 
CGCCCGCCGCGCCCCGCGCCCGTGCCGCCGCCCCCGCCCG – 3′, (GC-
clamp); mcrA500r: 5′ – TTCATTGCRTAGTTWGGRTAGTT – 3′, (mcrR). 
The primer product was an approximately 460-bp-long segment of 
mcrA, which codes for the alpha subunit of methyl coenzyme M 
reductase ( Luton et al., 2002). Since the mcrA gene is specific to and 
ubiquitous in methanogens ( Thauer, 1998), it has been used to 
compare methanogen community structure and identify the 
taxonomically distinct methanogens in many environments (Morris 
et al., 2014). Because of the degenerate nature of the primers, the 
recommendations of Luton et al. (2002) were followed, which included 
a slow increase in temperature (0.1°Cs−1) between the annealing and 
extension steps of the first five cycles to aid in the initial product 
formation. 
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Each microbial community was fingerprinted using DGGE, which 
separated amplified genes into bands on a polyacrylamide gel. DGGE 
has been used with mcrA as a target gene (e.g., Tale et al., 2011). 
The denaturant concentration used for DGGE varied linearly over 
75 mm and ranged from 40% at the top of the gel to 70% at the 
bottom of the gel (expressed as v/v of the total gel volume). A 
detection system (BioRad Universal DCode Mutation Detection System, 
Richmond, CA) was used to run the DGGE gels using 300 ng of DNA 
product in each lane of the gel with 2× blue loading dye. DGGE was 
performed on 1-mm-thick 8% polyacrylamide gel following the 
manufacturer's protocol. An electric potential of 100 V was maintained 
across the gel for 12 h. A 1% SYBR® gold dye solution (Invitrogen, CA) 
was used to stain the gel. After immersing the gel in the staining 
solution and rotating it for 30 min on a shaker table at a speed 
sufficient to mix the dye solution, it was viewed under ultraviolet light 
using an imaging system (GDS-8000 Bioimaging System, UVP Inc., 
Upland, CA). 
DGGE band intensities were determined using gel viewing 
software (Lab Works v. 4.6.00.0 Lablogics, Inc., Mission Viejo, CA) 
with a minimum band height of 0.050, allowed error of ±5%, and the 
following options activated: dark bands and bright background, rows of 
equal molecular weight, maximum OD level for the image, and center 
peak. Multiple DGGE gels were prepared to accommodate all 49 
biomass samples. A ladder was run on every gel to adjust for 
variations among DGGE gels. The total ladder band intensity on each 
gel was divided by the average total ladder band intensity among all 
gels to calculate a standardized ladder band intensity for each gel. The 
intensity of each band “n” on a gel was then divided by the 
standardized total ladder band intensity for that gel to yield a 
normalized band intensity value for each band (In). The demeaned, 
normalized band intensity for band “n” (Xn) was then calculated as 
follows: 
equation(1) 
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where In,j is the normalized band intensity value of band “n” in lane “j” 
and “m” is the number of lanes. The Xn values were used to create 
MLR equations. 
2.5. Multiple linear regression (MLR) 
MLR equations expressing SMA (dependent variable) as a 
function of DGGE demeaned, normalized band intensity values 
(independent variables) were in the following form: 
equation(2) 
  
 
where SMA is the specific methanogenic activity with propionate or 
glucose (mL CH4/mg iATP-h), βn is the correlation coefficient for band 
“n” (mL CH4/mg iATP-h) and ε is a constant (mL CH4/mg iATP-h). 
Initially, stepwise regression using forward selection was performed 
with MATLAB (v. R2010bSP1, MathWorks®, Natick, MA) using the 
“regress” function to determine the number of independent variables 
(bands) to include in Equation (2). For this, MLR equations were 
generated using all possible combinations of the 15 bands. The 
maximum R2 value was observed using a minimum of five bands. A 
small number of independent variables was desirable since a higher 
number could result in overfitted MLR equations causing poor 
predictability. Therefore, the small group of five bands was selected for 
subsequent regression analysis. 
Cross-validation was performed using the leave-group-out 
(LGO) procedure (Konovalov et al., 2008). Others have jackknifed data 
in this way to assess the predictability of QSARs (Nirmalakhandan and 
Speece, 1988a, Eriksson et al., 2003 and Konovalov et al., 2008). A 
random-number generator was used to select a subset of 30 samples 
from which to fit MLR equations (i.e., training set). The remaining 19 
samples were then used to estimate the predictability of the MLR 
equations, as indicated by the value of the calculated validation 
parameter, q2 (Konovalov et al., 2008). With a LGO approach, the q2 
value is generally accepted as a means to determine if a model is 
predictive (Eriksson et al., 2003, Benigni and Bossa, 
2008 and Konovalov et al., 2008). After confirming that equations 
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demonstrated good predictability, training and test data were 
combined and used to determine final MLR equations. 
2.6. Basal nutrients and other analysis 
The basal nutrient medium included macro- and micro-nutrients 
required for methanogenic culture growth and was described by 
Schauer-Gimenez et al. (2010). The iATP concentration was measured 
using a luciferase-based test kit (QuenchGone21 Wastewater Test Kit, 
LuminUltra, Fredericton, New Brunswick, Canada). Briefly, extracellular 
ATP was measured using a proprietary stabilizing reagent and total 
ATP was measured after cell lysis with NaOH reagent. The iATP 
concentration was calculated as the difference between total and 
extracellular ATP concentrations. 
Temperature and pH of propionate enrichments were measured 
daily using a glass electrode and meter (Orion 4 Star pH-DO Benchtop 
electrode – 9206BN, Thermo Scientific, Marietta, OH). Total solids 
(TS), VS, volatile suspended solids (VSS), COD, volatile fatty acid 
(VFA) concentrations (acetic, propionic, butyric, iso-butyric, valeric, 
and iso-valeric acids), and biogas methane content were determined 
by gas chromatography using standard methods (APHA et al., 1998). 
For soluble COD (SCOD) analysis, samples were centrifuged at 
13,000 rpm for ten minutes (Clinical 200 VWR International LLC 
Radnor, Pennsylvania) and supernatant was filtered through a 0.45 μm 
filter (Whatman International Ltd., Maidstone, England). Filtrate was 
then tested for SCOD. 
3. Results and discussion 
3.1. Activity of blended laboratory digester biomass 
samples 
Biomass 1 and 2 samples were blended in various proportions to 
produce synthetic microbial communities. The methane production 
rates of the mixtures (MPRpmix) as well as the methane production rate 
of each biomass sample alone were measured with propionate as the 
substrate. MPRpmix values were linearly correlated to the MPR values of 
the individual cultures (Fig. 1a): 
NOT THE PUBLISHED VERSION; this is the author’s final, peer-reviewed manuscript. The published version may be 
accessed by following the link in the citation at the bottom of the page. 
Water Research, Vol 70, (March 1, 2015): pg. 425-435. DOI. This article is © Elsevier and permission has been granted for 
this version to appear in e-Publications@Marquette. Elsevier does not grant permission for this article to be further 
copied/distributed or hosted elsewhere without the express permission from Elsevier. 
15 
 
equation(3) 
MPRpmix=f1MPRp1+f2MPRp1 
 
where MPRp1 and MRPp2 are the measured MPR values of the 
individual biomass samples with propionate (mL CH4/h) and f1 and f2 
are the decimal volatile solids mass factions of Biomass 1 and 2, 
respectively (g VSi/g VStotal), with f1 + f2 = 1. The coefficient of 
determination (R2) between measured and predicted MPRpmix values 
was 0.95, indicating that the linear correlation (Equation (3)) 
quantified most of the MPRpmix variability (Fig. 1a). 
 
Fig. 1. Relationship between blend ratio of two methanogenic cultures and the 
methanogenic activity of the culture blend. Methane production rate (a) and specific 
methanogenic activity (b) of a blend of Biomass 1 and 2. Diamonds represent 
experimental values, the dotted line represents the values calculated using Equation 
(4). 
MPR data are not normalized by dividing by microbial mass; 
therefore, SMA values that were normalized to the amount of biomass 
were used for all subsequent activity testing. The propionate SMA 
values of biomass mixtures (SMApmix) were linearly correlated to the 
SMA values of the individual biomass samples (Fig. 1b): 
equation(4) 
SMApmix=f1SMAp1+f2SMAp2 
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where SMAp1 and SMAp2 are the SMA values for Biomass 1 and 2, 
respectively (mL CH4/gVS h) with propionate. The coefficient of 
determination (R2) between measured and predicted SMApmix values 
was >0.75, indicating that a linear correlation (Equation (4)) 
quantified most of the SMApmix variability (Fig. 1b). The lower 
coefficient of determination for predicted and calculated SMA in 
comparison to MPR may be attributed to inaccuracies using VS 
concentration to quantify active biomass. Therefore, iATP 
concentration was used in subsequent testing in an attempt to gain a 
more accurate active biomass estimate. 
Additionally, Equation (4) was used to predict SMA values of the 
36 blended cultures subsequently used to develop QSARs. The 
propionate SMA values of each of the two individual cultures (SMAp1 
for full-scale digester biomass and SMAp2 for propionate enrichment 
culture) were multiplied by their respective iATP mass percent in the 
blend (f1 = 0.8 for full-scale digester biomass and f2 = 0.2 for 
propionate enrichment culture). Observed (experimental) SMApmix 
values were graphed against predicted SMApmix values (Fig. 2). The 
observed SMApmix was linearly correlated to SMAp1 and SMAp2, 
R2 = 0.905 (Fig. 2), implying that methanogenic activity may be 
linearly correlated to the abundance of certain methanogens. 
 
Fig. 2. Observed (experimental) SMA for blends of digester biomass and enrichment 
cultures versus predicted SMA values using Equation (4). 
3.2. Activity of 49 digester, propionate enrichment 
cultures and their mixtures 
Quasi steady state data for the enrichment cultures are 
presented in Table 1. All enrichment cultures produced methane and 
achieved typical methanogenic operation. Biomass from the nine full-
scale digesters and four enrichments alone were assayed as well as 36 
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biomass and enrichment mixtures, yielding a total of 49 potentially 
different methanogenic communities. Methanogen communities of the 
nine biomass samples and four propionate enrichments were different 
from each other as depicted using principal component analysis for the 
key bands that were correlated to SMA values as described below (see 
Fig. S-1). 
Table 1. Quasi steady state propionate enrichment culture parameters. 
Enrichment 0% 1.3% 6.7% 12.5% 
Oxygen addition (mg O2/d) 0 11 53 99 
pH 7.09 ± 0.07 7.11 ± 0.04 7.04 ± 0.03 6.99 ± 0.05 
SCODeffluent (mg/L) 160 ± 10 170 ± 10 210 ± 30 160 ± 30 
SCODremoval (%) 98 ± 1.7 97 ± 1.3 97 ± 1.3 98 ± 1.9 
CH4 (L/d) 0.21 ± 0.02 0.22 ± 0.02 0.21 ± 0.03 0.19 ± 0.03 
CH4 Content (%) 78 ± 0.52 79 ± 0.52 73 ± 0.50 73 ± 2.5 
VSSeffluent (g/L) 0.76 ± 0.14 0.73 ± 0.06 0.84 ± 0.02 0.95 ± 0.03 
CH3CH2COO-effluent (mg/L) 49 ± 1.3 86 ± 28 52 ± 15 47 ± 14 
CH3COO-effluent (mg/L) <20a <20a <20a 40 ± 30 
aBelow 20-mg/L detection limit. 
A significant range of activity was observed among the 49 
biomass samples; SMA with glucose (SMAg) values varied more than 
250% and ranged from 24 ± 5.1 to 88 ± 1.4 mL CH4/mg iATP-h with 
an average of 53 ± 20 mL CH4/mg iATP-h (Fig. 3). The SMA with 
propionate (SMAp) values varied more than 600% and ranged from 
15 ± 0.30 to 91 ± 4.2 mL CH4/mg iATP-h with an average of 
44 ± 18 mL CH4/mg iATP-h (Fig. 4). The variation was in agreement 
with previous observations that average SMAp values vary greatly 
among biomass samples from different anaerobic digesters when VS 
was used as an active biomass measure (Tale et al., 2011). Even when 
an ostensibly better metric of active biomass, iATP, was employed 
rather than VS, a large specific activity range was still observed. The 
large range of SMA values was desirable for developing a relationship 
between activity and microbial community structure. 
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Fig. 3. Observed SMAg values for 49 anaerobic microbial communities. Each group of 
five bars includes a digester biomass sample and, from left to right, the biomass 
sample mixed with enrichments that received 0, 1.3, 6.7, and 12.5% of the COD 
organic loading rate, respectively. The last group on the right represents the 
enrichment cultures alone. 
 
 
Fig. 4. Observed SMAp values for 49 anaerobic microbial communities. Each group of 
five bars includes a digester biomass sample and, from left to right, the biomass 
sample mixed with enrichments that received 0, 1.3, 6.7, and 12.5% of the COD 
organic loading rate, respectively. The last group on the right represents the 
enrichment cultures alone. 
  
NOT THE PUBLISHED VERSION; this is the author’s final, peer-reviewed manuscript. The published version may be 
accessed by following the link in the citation at the bottom of the page. 
Water Research, Vol 70, (March 1, 2015): pg. 425-435. DOI. This article is © Elsevier and permission has been granted for 
this version to appear in e-Publications@Marquette. Elsevier does not grant permission for this article to be further 
copied/distributed or hosted elsewhere without the express permission from Elsevier. 
19 
 
3.3. Spearman's Rank correlation coefficient 
Based on DGGE banding patterns of mcrA gene amplicons (i.e., 
methanogen community structure), SMA values with propionate and 
with glucose correlated (rs = 0.561) above the 99.9% level for a two-
tailed test using Spearman's Rank Correlation Coefficient (Zar, 1972). 
Therefore, a greater presence of specific bands indicated a greater 
methane production rate from both glucose and propionate. These 
results suggested that (1) the same rate-limiting step (e.g., H2 
transfer) was present for SMA tests with both substrates and (2) the 
methanogen community could be used to predict SMA values even if 
acidogenesis and acetogenesis are also occurring in addition to 
methanogenesis. 
3.4. Quantitative structure–activity relationship (QSAR) 
Two quantitative, predictive relationships between methanogen 
community structure and biomass activity (i.e., QSARs) were 
developed using MLR, demeaned normalized DGGE band intensities 
and SMA values normalized using iATP mass. No quantitative and 
predictive relationships resulted when SMA values were normalized by 
VS mass. In addition, no quantitative and predictive relationship was 
found using the Shannon Index, Dice Similarity Coefficient, Jaccard 
Similarity Coefficient, and Pearson's Correlation Coefficient as 
community descriptors. 
Results of stepwise regression using forward selection showed 
that employing seven of the 15 DGGE bands (Bands 4, 7, 8, 10, 11, 14 
and 15) was sufficient to yield MLR equations with R2 > 0.50 (Fig. 5). 
A small number of independent variables (i.e., bands) was desirable 
since a higher number could result in overfitted MLR equations with 
poor predictivity. Therefore, a small group of five bands was selected 
for subsequent regression analysis for each set of SMA data. This is in 
line with reports that methanogenesis from propionate and glucose 
involved four to six key microbes in trophic groups (Ito et al., 2012). 
NOT THE PUBLISHED VERSION; this is the author’s final, peer-reviewed manuscript. The published version may be 
accessed by following the link in the citation at the bottom of the page. 
Water Research, Vol 70, (March 1, 2015): pg. 425-435. DOI. This article is © Elsevier and permission has been granted for 
this version to appear in e-Publications@Marquette. Elsevier does not grant permission for this article to be further 
copied/distributed or hosted elsewhere without the express permission from Elsevier. 
20 
 
 
Fig. 5. MLR maximum coefficient of determination (R2) versus number of independent 
variables (i.e., bands) employed. 
A sample size of 30 has been shown to accurately test five 
independent variables at the recommended minimum r2 = 0.4 for a 
predictive model (Topliss and Costello, 1972). Therefore, 30 biomass 
samples were randomly selected and used as a training set to develop 
MLR equations for SMAg and SMAp. The remaining 19 biomass 
samples were used as a test set via the LGO approach. When the MLR 
developed using the training set was challenged to predict SMA using 
test set data, the average q2 value, used to assess the predictability of 
each MLR equation, was 0.53 for SMAg and 0.52 for SMAp 
correlations. Both q2 values were above the 0.5 threshold reported to 
describe a regression with good quantitative predictability (Eriksson 
et al., 2003). 
Because the LGO approach yielded regressions with good SMA 
predictability, all 49 biomass samples were then used to develop the 
following MLR equations that quantitatively predicted methanogenic 
activities as a function of microbial community structure 
(Fig. 6 and Fig. 7): 
equation(5) 
  
 
equation(6) 
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Fig. 6. Comparison of observed and predicted SMAg values using QSAR equation 
(Equation (5)). 
 
 
Fig. 7. Comparison of observed and estimated SMAp values using QSAR equation 
(Equation (6)). 
Previous research indicated a quantitative link between SMA 
value and methanogen community structure existed, but the small 
number of microbial communities employed was insufficient to develop 
statistically significant correlations and to estimate predictability 
(Freitag and Prosser, 2009, Tale, 2010, Tale et al., 2011, Regueiro 
et al., 2012 and Morris et al., 2014). Equations (5) and (6)), however, 
were developed using a larger number of microbial communities and 
were both good correlations and exhibited good predictability. 
Even with the inherent variability of current activity test 
methods and potential DGGE bias and limitations, these models were 
predictive (von Wintzingerode et al., 1997, Vallaeys et al., 1997, 
Muyzer and Smalla, 1998 and Muyzer, 1999). Better correlations with 
greater predictability may result from the use of quantitative 
polymerase chain reaction (qPCR), next generation sequencing 
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methods, or other approaches to more accurately characterize 
microbial communities and activities. 
The positive correlation coefficient values (β values) for X15 in 
both glucose and propionate MLR equations (Equations (5) and (6))) 
as well as for X10 in the propionate MLR equation (Equation (6)) 
suggested that methanogens associated with these bands contribute 
most significantly to high SMA values. It is possible that digesters 
engineered specifically to foster growth of these methanogens or their 
direct addition to anaerobic digesters (i.e., bioaugmentation) may 
increase maximum methane production rate under stable operating 
conditions, but additional research is warranted to explore these 
possibilities. Future research should include excision and sequencing of 
bands to identify, at a minimum, the key methanogens (i.e., X15 and 
X10) and investigate the relationship between their abundance and 
methanogenic activity as well as digester function. 
Methanogens represented by Xn values with negative correlation 
coefficients (i.e., negative coefficient methanogens) are associated 
with lower maximum methane production rates; higher demeaned 
standardized band intensities associated with these methanogens 
correlated to lower SMA values. 
The model developed in this research correlated SMA and 
community structure only, not overall digester performance or stability 
and microbial community structure. Therefore, additional research to 
develop different QSAR models for function descriptors other than SMA 
(e.g., resistance or stressed conditions) is needed. 
In a broad context, QSARs may be helpful tools to study and 
improve many bioprocesses, especially when multiple microorganisms 
exist in the same trophic group (i.e., trophic redundancy), functional 
genes or other molecular data can be used to characterize critical 
trophic groups, and linear or other relationships are predictive. 
Therefore, it is hoped that this research will serve as a template to 
encourage development of new, more robust QSARs for anaerobic 
digestion using other functional responses and other microbial 
community descriptors. In addition, new QSARs could be developed for 
other bioprocesses, including nitrification, nitritation, denitrification, 
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anaerobic ammonium oxidation and enhanced biological phosphorus 
removal. 
4. Conclusions 
The specific methanogenic activity (SMA) of a blend of two 
different methanogenic biomasses from digesters fed complex 
substrates can be predicted from a linear combination of the individual 
biomass SMA values. Therefore, a linear correlation is appropriate to 
consider when developing empirical relationships between community 
structure and SMA. 
SMA values for different biomass samples from well-operating 
methanogenic processes vary greatly (i.e., as much as 600%), even 
when a putatively better metric, iATP, is employed rather than VS to 
quantify active biomass. The large range of SMA values indicates that 
the biomass activity in many low-SMA anaerobic digesters could be 
increased. In addition, the large range of activity is desirable for 
developing empirical models relating activity to microbial community 
structure. 
Two quantitative structure activity relationships (QSARs) 
between methanogen community structure (DGGE band intensities for 
a methanogen functional gene) and biomass activity (SMA with 
glucose and propionate) were developed using multiple linear 
regression. The relationships were observed using a larger number of 
microbial communities (i.e., 49) and were both good correlations 
(R2 > 0.5) that exhibited good predictability (q2 > 0.5). Even with the 
inherent variability of activity testing and potential DGGE bias and 
limitations, these models were predictive. In the future, better 
correlations with greater predictability may result from the use of 
quantitative polymerase chain reaction (qPCR), next generation 
sequencing methods, or other approaches to more accurately 
characterize microbial communities and activities. 
Positive correlation coefficient values for two of the 15 DGGE 
bands employed in QSAR equations reveal that higher relative 
abundance of methanogens associated with these bands contribute to 
higher SMA values. It is possible that anaerobic digesters engineered 
specifically to foster growth of these two methanogens or their direct 
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addition to anaerobic digesters (i.e., bioaugmentation) may increase 
maximum methane production rate under stable operating conditions. 
QSARs are helpful tools to identify key microorganisms or to 
study and improve many bioprocesses. Therefore, it is hoped that this 
research will encourage development of new, more robust QSARs for 
anaerobic digestion using other functional responses and other 
microbial community descriptors. In addition, new QSARs could be 
developed for other bioprocesses, including nitrification, nitritation, 
denitrification, anaerobic ammonium oxidation and enhanced biological 
phosphorus removal. 
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Sample 
Number 
Digester Type* Substrate  Location 
1 CSTR Food Flavorings Jackson, WI 
2 Anaerobic Plug Flow Brewery Waste Fort Collins, CO 
3 CSTR Municipal Wastewater Solids Philadelphia, PA 
4 UASB Brewery Waste Chico, CA 
5 CSTR Non-Fat Dry Milk Milwaukee, WI 
6 UASB Soft Drink Bottling Waste Watertown, WI 
7 CSTR Municipal Wastewater Solids Des Moines, IA 
8 UASB Brewery Waste LaCrosse, WI 
9 CSTR Cheese Processing Waste Las Cruces, NM 
* CSTR - Completely mixed stirred tank reactor, UASB - Upflow anaerobic sludge 
sludge blanket 
**WWTP – Wastewater treatment plant 
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Figure S-1. Principal component analysis plot using all the 13 source cultures 
(9 biomass and 4 enrichment cultures). 
Bands 4, 8, 10, 14, and 15 were used to establish the MLR correlation with propionate 
SMA (a), and bands 4, 7, 11, 14, and 15 were used to establish MLR correlation with 
glucose SMA. Propionate enrichment (Pr En) and full-scale digester biomass (Biomass) 
are depicted. 
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Figure S-2. DGGE gel for 13 source cultures cultures (9 biomass and 4 
enrichment cultures). 
Lanes (from left to right) include ladder, biomass samples 1 to 9, propionate 
enrichments receiving 0, 1.3, 6.7, and 12.5% of the oxygen demand and duplicate 
ladder. 
 
 
 
 
